is a disease of relative insulin deficiency resulting from both insulin resistance and beta cell failure. We have previously used heterogeneous stock (HS) rats to fine-map a locus for glucose tolerance. We show here that glucose intolerance in the founder strains of the HS colony is mediated by different mechanisms: insulin resistance in WKY and an insulin secretion defect in ACI, and we demonstrate a high degree of variability for measures of insulin resistance and insulin secretion in HS rats. As such, our goal was to use HS rats to fine-map several diabetes-related traits within a region on rat chromosome 1. We measured blood glucose and plasma insulin levels after a glucose tolerance test in 782 male HS rats. Using 97 SSLP markers, we genotyped a 68 Mb region on rat chromosome 1 previously implicated in glucose and insulin regulation. We used linkage disequilibrium mapping by mixed model regression with inferred descent to identify a region from 198.85 to 205.9 that contains one or more quantitative trait loci (QTL) for fasting insulin and a measure of insulin resistance, the quantitative insulin sensitivity check index. This region also encompasses loci identified for fasting glucose and Insulin_AUC (area under the curve). A separate Ͻ3 Mb QTL was identified for body weight. Using a novel penalized regression method we then estimated effects of alternative haplotype pairings under each locus. These studies highlight the utility of HS rats for fine-mapping genetic loci involved in the underlying causes of T2D. obesity; Type 2 diabetes; glucose tolerance; metabolism TYPE 2 DIABETES (T2D) IS A disease of relative insulin deficiency resulting from a combination of insulin resistance and decreased beta-cell function (50, 57) . This complex disorder is caused by a combination of both environmental and genetic factors. Although diet and exercise are the major environmental factors contributing to T2D (25), the genetic factors contributing to this disease are only beginning to be understood. Over the past several years, over 40 genes have been identified for T2D in human genome-wide association studies (GWAS) (see Refs. 38, 62, 78) . Even when the effects of these genes are combined, however, they explain only 10% of the heritable variance (78), indicating that many genetic factors remain unidentified and highlighting our limited understanding of this disorder.
Type 2 diabetes (T2D) is a disease of relative insulin deficiency resulting from both insulin resistance and beta cell failure. We have previously used heterogeneous stock (HS) rats to fine-map a locus for glucose tolerance. We show here that glucose intolerance in the founder strains of the HS colony is mediated by different mechanisms: insulin resistance in WKY and an insulin secretion defect in ACI, and we demonstrate a high degree of variability for measures of insulin resistance and insulin secretion in HS rats. As such, our goal was to use HS rats to fine-map several diabetes-related traits within a region on rat chromosome 1. We measured blood glucose and plasma insulin levels after a glucose tolerance test in 782 male HS rats. Using 97 SSLP markers, we genotyped a 68 Mb region on rat chromosome 1 previously implicated in glucose and insulin regulation. We used linkage disequilibrium mapping by mixed model regression with inferred descent to identify a region from 198.85 to 205.9 that contains one or more quantitative trait loci (QTL) for fasting insulin and a measure of insulin resistance, the quantitative insulin sensitivity check index. This region also encompasses loci identified for fasting glucose and Insulin_AUC (area under the curve). A separate Ͻ3 Mb QTL was identified for body weight. Using a novel penalized regression method we then estimated effects of alternative haplotype pairings under each locus. These studies highlight the utility of HS rats for fine-mapping genetic loci involved in the underlying causes of T2D. obesity; Type 2 diabetes; glucose tolerance; metabolism TYPE 2 DIABETES (T2D) IS A disease of relative insulin deficiency resulting from a combination of insulin resistance and decreased beta-cell function (50, 57) . This complex disorder is caused by a combination of both environmental and genetic factors. Although diet and exercise are the major environmental factors contributing to T2D (25) , the genetic factors contributing to this disease are only beginning to be understood. Over the past several years, over 40 genes have been identified for T2D in human genome-wide association studies (GWAS) (see Refs. 38, 62, 78) . Even when the effects of these genes are combined, however, they explain only 10% of the heritable variance (78) , indicating that many genetic factors remain unidentified and highlighting our limited understanding of this disorder.
We have previously used heterogeneous stock (HS) rats to fine-map a locus for glucose tolerance to 2.44 megabases (Mb) (64) . The HS rat colony at the Medical College of Wisconsin (MCW) comprises outbred animals derived by the National Institutes of Health (NIH) in 1984 from a set of eight genetically and phenotypically diverse inbred founder strains: ACI/N, BN/N, BUF/N, F344/N, M520/N, MR/N, WKY/N, WN/N (23) . HS populations are powerful tools for genetic studies because they provide a basis for high resolution mapping of quantitative trait loci (QTL) in a relatively short time period (64, 72) . Although none of the inbred founder strains of the HS rat colony are overtly diabetic, we have demonstrated that at least two of the HS founder strains, WKY and ACI, exhibit glucose intolerance (64) . Previous studies have found that the WKY rat also has higher plasma insulin levels than other strains both at fasting (75) and in response to a glucose challenge (35, 63) . In addition, when made genetically obese by mutating the leptin receptor, the WKY rat (fatty WKY) shows decreased insulin sensitivity relative to Zucker rats (27) . To our knowledge, insulin levels have not been measured in the other founder inbred strains, including the glucose-intolerant ACI, or in the HS rat colony.
To understand better the differences in glucose regulation between the founders that make up the HS colony, we initially measured multiple metabolic phenotypes in six of the inbred founder strains, including the quantitative insulin sensitivity check index (QUICKI) as a measure of insulin resistance, and the insulinogenic index (IGI) as a measure of beta cell function. We found that the WKY, M520, and BUF founder strains have decreased insulin sensitivity, whereas the ACI rat shows an insulin secretion defect. Because of the phenotypic variation between the inbred founder strains, we hypothesized that the HS rat colony would be useful for genetically fine-mapping these traits. Importantly, human GWAS have confirmed the utility of quantitative traits such as fasting glucose and fasting proinsulin in nondiabetic individuals for elucidating genetic mechanisms involved in glucose control, some of which have also been found to play a role in T2D (15, 66) .
We were specifically interested in a 68 Mb region on rat chromosome 1 that has previously been identified for multiple metabolic traits (including glucose tolerance, body weight, and postprandial insulin) in several linkage studies in the rat (11, 13, 19 -22, 34, 42, 53, 64, 79) . Importantly, we previously mapped both postprandial insulin and body weight to this chromosome 1 region in a WKY ϫ F344 F2 intercross (63) , suggesting that these alleles would likely segregate in the HS rat colony. We demonstrate here successful fine-mapping of fasting glucose, insulin AUC (area under the curve), fasting insulin, QUICKI, and body weight. Although IGI (a marker of beta cell function) did not map to this region, the high degree
Phenotyping Protocol
In both founder substrains and HS rats, we conducted an intraperitoneal glucose tolerance test (IPGTT) at 16 wk of age. As previously described (64), animals were fasted overnight for 16 Ϯ 1 h. In the morning, a basal sample of blood was taken from the tail and subsequent samples were collected 15, 30, 60, and 90 min after a 1 g/kg body wt glucose injection. We used the Ascensia Elite system for reading blood glucose values (Bayer, Elkhart, IN). We also collected blood at each time point for subsequent analysis of plasma insulin levels. Plasma insulin levels were determined with an ultrasensitive ELISA kit from Alpco Diagnostics (Salem, NH). Using a trapezoidal analysis of insulin, we calculated area under the curve for insulin during the glucose tolerance test (Insulin_AUC), a general measure of overall insulin secretion.
Measures of insulin sensitivity and beta cell function. To determine insulin sensitivity, we calculated two related measures: the QUICKI and the homeostatic model assessment of insulin resistance (HOMA_IR). Both measures have been used in humans to assess insulin sensitivity (36, 44) and have been validated in the rat (7) . In rat, QUICKI shows a stronger correlation with the glucose clamp method of determining insulin sensitivity than HOMA_IR or the fasting glucose-to-insulin ratio (7). We calculated QUICKI as 1/[log I 0 ϩ log G0], where I0 is fasting insulin and G0 is fasting glucose, and HOMA_IR as cI0G0, where c is a species-specific constant. Since c is unknown for rat, and because its value would anyway not alter comparisons within species, we set c ϭ 1, such that QUICKI ϭ 1/log(HOMA_IR).
To assess the sensitivity of the beta cell to glucose, we calculated the IGI, a measure validated in humans that combines glucose and insulin values from an oral glucose tolerance test (55, 69) . IGI has recently been used as a way to understand function of genetic loci identified for fasting glucose, fasting proinsulin, and T2D (28) . It is calculated as the change in plasma insulin during the IPGTT divided by the change in glucose during the same period. Specifically, if I t and Gt are the levels of plasma insulin and glucose respectively after t min, then IGI_t ϭ (It Ϫ I0)/(Gt Ϫ G0). We considered IGI_15 and IGI_30.
Genotyping
Tail samples from the original eight inbred founders were obtained from the NIH. We extracted DNA from tail tissue by an ethanol extraction procedure. Genotyping was conducted in founders and the 782 HS rats with 97 SSLP markers within a 68.26 Mb on rat chromosome 1 (from 198.85-267.11 Mb). The number of alleles per marker ranged from 2 to 6, with an average Ϯ SE of 3.67 Ϯ 0.10. Coordinates of markers are based on rat genome assembly version 3.4. Markers were spaced an average of 711 Kb apart. PCR was conducted as previously described (47) and analyzed on the ABI 3730.
Statistical Analysis
Analysis of phenotypes in the inbred and HS rats. To determine whether there were statistical differences between inbred founder substrains for glucose and insulin levels during the IPGTT we fitted the following linear mixed model. Let y ti be the concentration of glucose (or insulin) measured at time point t, where t corresponds to 0, 15, 30, 60, or 90 min, then we model
where t is the intercept (i.e., the baseline level) for time t, strains is the increase over all time points associated with founder substrain s, s [i] denotes the strain to which rat i belongs, and rati and residualti are normally distributed random intercepts for rat and rat-specific time point, respectively. Significance of an effect of founder substrain was evaluated by an F-test (56) . Significance of substrain effects for all other measures (fasting glucose, fasting insulin, Insulin_AUC, QUICKI, HOMA_IR, IGI_15, IGI_30, and body weight) was judged by ANOVA. Post hoc comparisons between pairs of strains were performed with Tukey honestly significant difference (HSD) test. Tests were performed in R (58), with mixed effects modeling using the add-on package nlme (56) . Mapping QTL. We fine-mapped QTL in the 68 Mb region by linkage disequilibrium mapping, testing for the significance of association between a given phenotype and inferred haplotype descent at each locus. Our approach closely follows that used previously (64) with the following exceptions: here we use only the "full" genetic model (i.e., we test for additive and dominant genetic effects simultaneously rather than separately); our mapping is applied independently to multiple phenotypic measures, each of which is first subject to a normalizing transformation; and, depending on what is relevant to each phenotype, different covariates are used. In brief, haplotype descent along each HS rat genome was inferred by the haplotype reconstruction method HAPPY (49) , which applies a hidden Markov model simultaneously to the genotypes of the eight founder strains and the 782 HS rats. At each interval m ϭ 1, . . . , 96 between adjacent pairs of markers, HAPPY produces for each rat i a vector g i(m) containing the probabilities of descent from each of the 8(8 ϩ 1)/2 ϭ 36 unique haplotype pairs (diplotypes) (71) . This is used in the following mixed model regression to predict rat i's phenotype y i:
where f(yi) is a transformed version of the phenotype, covariatesi ϭ ΑcʦC ␤ c T xi(c) models the effect of a set of covariates C with values xi(c) for cʦC, QTLi(m) ϭ ␤ T gi(m) models the putative effect of the QTL, sibshipk[i] is the (random) effect of the sibship k to which i belongs, and residuali accounts for individual variation (further parameters defined as in Ref. 64) . The use of a simple random effect for sibship is an approximation to a polygenic term, that is, to a random effect modeling expected covariance between differentially related families as advocated in Ref. 37 and more recently in, e.g., Ref. 10 . Although the use of this approximation can lead to a loss in power, since it assumes sibships are about evenly related and thereby overfits the effects of sibships that are more closely related, in our HS rats it is highly computationally convenient and only moderately suboptimal, because the circular breeding system that maintains this population leads to a highly regular pedigree. We defined the set of covariates C to include the following pretreatment indicators: location (2 buildings), injector (2 injectors), collector (person who collected the blood, 2 collectors), and the number of glucose injections the rat received (1 or 2; a small percentage of animals received a second glucose injection when the initial injection failed to lead to a glucose response). The model above assumes that both sibship k and residuali are normally distributed. To make this assumption reasonable, for each phenotype we used the Box-Cox procedure to find a transformation f that would ensure residual normality when fitting the null model (5) , that is, Eq. 1 without the QTL term. Specifically, for reported phenotypes we used the following transformations (y ϭ original value): fasting glucose ( ͙ y), Insulin_AUC (inverse normal transformation),
, body weight (y). Models were fitted by restricted estimate maximum likelihood, the significance of association at each interval m was assessed by comparing the fit of Eq. 1 with that of the null model. Region-wide significance thresholds were estimated by parametric bootstrap from the fitted null model (see Refs. 64, 71) .
Confidence intervals (CI) for detected QTL were estimated using the 1.5-logarithm to the base 10 of the odds (lod) drop method (16, 41) (hereafter, lod-drop), an approximation to the 95% CI for QTL mapping. This method is commonly used in QTL mapping of F2 populations (6) but has also been applied to more recombinant populations such as advanced intercross lines (54, 61) and the Collaborative Cross (1). Because we test association at discrete genomic intervals defined by the marker positions, rather than approximating a curve of association between markers, we report the lod-drop conservatively, defining it by the markers that enclose the genomic interval that lies just outside the 1.5 lod-drop. For cases in which the lod score drops Ͻ1.5 and then comes back up (fasting insulin and QUICKI), we accept the larger connected interval as the most likely CI (6) . To provide a complementary estimate of how sensitive our localization of the top QTL peak is to the sampling of the rats, we also used the general statistical method of nonparametric bootstrapping (24) , in which the test statistic (in this case, the peak location) is re-estimated under alternative datasets based on the original, each alternative data created by resampling the individuals with replacement (this having originally been applied to QTL mapping in Ref. 77) . QTL scans were performed using BAGPIPE (71) , making use of the R packages lme4 (2), evd (65) , and MASS (76) .
Estimating heritability and QTL effect size. Estimating diplotype substitution effects at QTL. The HS rats are descended from eight founders, and so at any given locus the colony may be segregating as many as d ϭ 36 distinct haplotype pairs (i.e., 36 diplotypes), each diplotype potentially exerting a distinct effect on the phenotype. For some QTL the genetic architecture will be simple, and the effects well summarized by a "dosage" effect for each of the eight haplotypes, these combining an additive fashion (67, 71) . In other cases, however, the QTL architecture may be more complex and include substantial elements of dominance and recessivity. In our previous mapping of a glucose tolerance QTL we found strong dominance effects that were poorly explained by an additive model (64) . To characterize the allelic series for our QTL it is therefore necessary to look at effects for all 36 diplotypes. This is technically challenging and has not to our knowledge been achieved in any similar population (e.g., the Diversity Outbred cross in Ref. 67 or the mouse HS stock in Ref. 72 ). We do this here using a novel approximation.
Describing descent at locus m for all n ϭ 782 individuals, let D be the n ϫ d matrix such that the ith row D i* ϭ gi(m)
T describes individual i's descent for all diplotypes, whereas the jth column D*j ϭ dj(m) describes descent of the jth diplotype for all individuals. Describe Eq. 1 more accurately in matrix form (e.g., as in Ref. 45) as
where y is the 782-length vector of phenotypic responses, 1 represents the baseline intercept, XB represents the covariate effects, Z allocates the sibship effects from the 160-length vector u, modeled as
, is the 782-length vector of residual errors, modeled as ϳN(0, I
2 ), G concisely represents diplotypes at the locus m, where specifically G ϭ DϪ(1)() is the n ϫ (h Ϫ 1) matrix formed from columns 2, . . . ; h of D (dropping the first column d1 because this will be absorbed into the intercept 1), and is the corresponding vector of d Ϫ 1 estimable locus effects (described for simplicity of exposition in Eq. 2 as the d-vector ␤).
In practice, uncertainty about descent often makes G ill-conditioned, and this leads to wildly unstable estimates of and, therefore, of diplotype effects. This is not a problem for QTL mapping because it is straightforward to reduce the dimension of G during computation without compromising the fit to the data (see Appendix A in Ref. 71 ). Ill-conditioning of G is a problem, however, when it comes to reporting estimates of the 36 diplotype substitution effects, since doing so would require G to remain intact. One approach to obtaining stable estimates of allele effects is to constrain the values can take by penalization or formal hierarchical modeling. Until now, this has been achieved only for simple additive effect models that exclude covariate or random effects: specifically in inbred plants lines or the mouse Collaborative Cross using multiple imputation (17, 39) , or in the mouse Diversity Outbred population (akin to a rodent HS) using ridge regression (67) .
To estimate diplotype effects while simultaneously accounting for covariates and random sibship effects, we introduce a versatile new approximation. Adapting the ridge penalty proposed recently by Refs. 29 and 30, we substitute G with G , where G ϭ DϪ(1)(), with D equal to the "ridge surrogate" of D defined as
where U, ⌳, and V are defined the singular value decomposition D ϭ U⌳V T , and is chosen by random 2/3-subsample validation in the mixed model (i.e., Eq. 2 with the G substitution). Estimating diplotype substitution effects then proceeds in two further steps: extracting d-vector of estimates␤ D from parameters estimated by the mixed model, and then rescaling␤D to reflect categorical substitutions of diplotype rather than quantitative shifts in diplotype proportions. Specifically, we first calculate␤
T , which describes the observed effects of changing D. Then, noting that when predicting contrasts in phenotype between hypothetical individuals, QTL descent will be categorical (i.e., treated as known, and representable by a matrix ⌬ of zeros and ones) rather than probabilistic (i.e., treated as uncertain, as from HMM inference, and represented by a matrix D of fractional numbers), we obtain a diplotype substitution estimate aŝ ␤ ⌬ ϭ␤D ϫ sD/s⌬. Here, effects are rescaled approximately according to the standard deviation of columns in the observed D, with sD ϭ d
, relative to those in ⌬, the latter being assumed multinomial with uniform diplotype probability pj ϭ d Ϫ1 such that
RESULTS

Analysis of Phenotypes in the Inbred and HS Rats
Confirmation of glucose intolerance in WKY and ACI rats. Founder strains vary considerably in their averages for fasting glucose (F 5,92 ϭ 21.14, P ϭ 5.15e-14; see Figs. 1A and 2A) and glucose in response to a glucose challenge (glucose response; F 5,87 ϭ 54.19, P ϭ 2.84e-25; see Fig. 1A ). As shown previously (64), both ACI and WKY rats show higher levels of glucose response relative to the other rat strains ( P Ͻ 0.001, for all comparisons by Tukey-HSD), indicating glucose intolerance in these strains. The ACI rat also shows increased fasting glucose relative to all other strains (P Ͻ 0.001, for all comparisons by Tukey-HSD). Glucose levels in the M520/N strain, which was not included in our previous study, do not differ from the other normal strains (BN, BUF, F344). However, the 15-min glucose peak is slightly lower, and the 90 min time-point is slightly higher in M520/N relative to BN, BUF, and F344, such that the M520/N glucose response appears relatively flat.
WKY and ACI strains show a different insulin response to the glucose challenge. Insulin levels, both at fasting (F 5,79 ϭ 9.27, P ϭ 5.67e-07; see Figs. 1C and 2C) and in response to a glucose challenge (insulin response; F 5,68 ϭ 44.61, P ϭ 3.63e-20; see Fig. 1C ), differ significantly between the HS founder strains. There is a particularly striking difference between the glucose-intolerant strains, with the WKY rat showing high fasting insulin (P ϭ 0.038 and 0.023 relative to ACI and BN, respectively; Tukey-HSD) and insulin response (P Ͻ 0.001 relative to ACI, BN, and F344; Tukey-HSD), and the ACI strain showing low insulin response (P Ͻ 0.05 relative to all strains except BN, Tukey-HSD). The BUF rat, a strain with normal glucose regulation, has significantly higher fasting insulin levels (P Ͻ 0.001 relative to ACI, BN, and F344; Tukey-HSD) and insulin response (P Ͻ 0.001 relative to all other strains, Tukey-HSD). The above differences are also clearly seen when measuring Insulin_AUC (F 5,65 ϭ 45.01, P ϭ 7.9e-20; see Fig. 2B ).
Decreased insulin sensitivity in BUF, M520, and WKY strains. QUICKI (F 5,77 ϭ 7.19, P ϭ 1.45e-05; see Fig. 2D ) and HOMA_IR (F 5,79 ϭ 6.28, P ϭ 5.87e-05; data not shown) vary significantly between the founder strains. When both measures Glucose (mg/dl)
Insulin (ng/ml) Fig. 2E ). ACI has the lowest IGI scores (P Ͻ 0.05 relative to all strains except WKY, Tukey-HSD), indicating that its beta cells are not responding appropriately to the glucose challenge. BUF and M520 have the highest IGI scores (P Ͻ 0.001 relative to all other strains, Tukey-HSD), demonstrating a strong response of beta cells to glucose, likely owing to the decreased insulin sensitivity in these strains. IGI scores in the WKY rat, by contrast, are relatively low, indicating that this strain does not compensate for its decreased insulin sensitivity (P Ͻ 0.001 relative to BUF and M520, Tukey-HSD). IGI_15 shows less within-strain variation than IGI_30, and so we hereafter use IGI_15 as our primary measure of IGI.
Increased body weight in the BUF strain. Body weight varied significantly between founder strains (F 5,85 ϭ 37.01, P ϭ 5.79e-20; see Fig. 2F ), with BUF rats weighing the most (P Ͻ 0.001 relative to all other strains, Tukey-HSD) and the M520 strain weighing the least (P Ͻ 0.05 relative all strains except BN, Tukey-HSD).
HS rats show great variation for all traits measured. In the HS rats, values for both fasting glucose and glucose response fall mostly between the average values for the inbred founder substrains, as previously shown (64); see Figs. 1, A and B, and 2A. In contrast, the range of fasting insulin and insulin response are much greater in the HS than that seen between the founders (see Figs. 1, C and D, and 2, B and C) . For example, insulin levels 15 min after the glucose challenge range from 0.5 ng/ml to as high as 18 ng/ml in the HS, three times greater than in the BUF strain. This variation is also seen for Insulin_AUC (see Fig. 2B ). The mean values for fasting insulin and Insulin_AUC in the HS are similar to those in the BUF, indicating that many HS rats are hyperinsulinemic.
For QUICKI, there is a broad range of insulin sensitivity in HS rats (see Fig. 2D ). As with Insulin_AUC and fasting insulin, the mean for QUICKI in the HS animals is close to that of the insulin-resistant BUF strain (0.50 in HS vs. 0.53 in BUF), with 74.6% of the HS having a QUICKI score less than the BUF mean, indicating that many of the HS animals have some degree of insulin resistance. Interestingly, of those rats with a QUICKI score equal to or lower than the BUF strain, 25.1% also have glucose intolerance (i.e., area under the curve for glucose Ն 1,200; data not shown). For IGI_15, there is also a high degree of variability in the HS rats (see Fig. 2E ). Again, the mean for IGI_15 is similar to the BUF strain, indicating that beta cells in most HS rats are responding well to the glucose challenge, despite some degree of insulin resistance. In contrast, we determined that 4% of the HS rats show IGI_15 values equal to or smaller than the ACI rat, indicating a likely secretion defect in these animals. Lastly, there is a high degree of variability for body weight in the HS rats, with values generally falling in the range of values seen between the inbred strains (see Fig. 2F ).
Correlations between traits reveal at least four independent diabetes-related phenotypes. We estimated the Spearman rank correlation (rho) between traits in all 782 HS rats (see Fig. 3 ). Insulin_AUC was highly correlated with all other insulin traits including fasting insulin (rho ϭ 0.729), QUICKI (rho ϭ Ϫ0.719), HOMA_IR (rho ϭ 0.719), and IGI_15 (rho ϭ 0.632). As expected, QUICKI and HOMA_IR are in perfect correlation with each other (rho ϭ Ϫ1) and are highly correlated with fasting insulin (rho ϭ Ϫ0.987 and 0.987, respectively), but not with IGI_15 (rho ϭ Ϫ0.377 and 0.377, respectively). Fasting glucose and body weight, on the other hand, show very little correlation with any of the insulin traits. Principal components analysis (PCA) of the transformed phenotypes shows that 97% of the variance in the seven traits listed can be explained by the first four principal components (PCs) (87% by the first 3 PCs, 99.978% by the first 5 PCs). This demonstrates that that despite some correlation, owing to mathematics or physiology, the set of seven phenotypes embodied at least four independent sources of information related to T2D susceptibility.
Mapping QTL
Using a combination of haplotype reconstruction and mixed model linear regression, which exploits information about the HS ancestry while taking into account sibling relationships, we identified a single sharp peak for fasting glucose (peak marker interval between D1Rat 168 and D1Rat70, 204.62-205.04 Mb; logP ϭ 5.09; see see Fig. 4D ). Lastly, we identified a single peak for body weight (peak marker interval between D1Rat302 and D1Got225, 232.58 -233.29 Mb, logP ϭ 5.03; see Fig. 4F ). All QTLs are listed in Table 1 . All traits were mapped with a genetic model that incorporated both additive and dominant effects of QTL haplotypes. The region-wise 5% significance threshold for the full model was different for each phenotype (see Table 1 ), since this is affected by the heritability of the trait, but was on average logP ϭ 3.33 (range: 3.3-3.39), where logP is defined as Ϫlog 10 (P value). IGI_15 did not map to this region on rat chromosome 1 (see Fig. 4E ). Our method of genetic association is based on linkage disequilibrium mapping and allows us to model the effects of QTL that may be located in between genotyped markers. As such, it relies on inferred ancestry that may be better informed at some locations than others, which could potentially affect QTL location by making association in some regions intrinsically hard to detect. To explore this phenomenon, and the way it relates to QTL localization, we depict for each marker interval the average selective information content (see Fig. 4 , shading under the association line), as defined in Ref. 60 . This information is maximal (black) when the identity of the ancestral haplotypes can be inferred with certainty for all rats and minimal (white) when genotype information provides no information about haplotypes at this position. As expected, some regions have higher information content than others. Nonetheless, information content does not appear to drive estimated location of the QTL. The regions from 200 -217 Mb and again from 261-267 Mb generally have relatively high information content, whereas the region from 217-261 Mb is scattered with marker intervals having lower information content, indicating that we may have less power to resolve QTL lying within these marker intervals.
The 1.5 lod-drop intervals for all phenotypes ranged from 0.95 to 7.05 Mb and are reported in Table 1 . These lod-drop intervals are estimates of the most likely region of the QTL and it is important to note that the causative gene or SNP may lie just outside this identified area. To estimate how sensitive the locations of the peaks in our analysis are to sampling of the individuals, we performed positional bootstrapping (after Ref. 77) , in which the entire region is rescanned using a bootstrap sample of the rats, and the location of the topmost peak is recorded. Results from the bootstrapping complement those from the lod-drop method, providing additional information about the robustness of the mapping procedure that can help confirm the location of the lod-drop interval and determine whether more than one QTL may lie within (or outside of) the identified QTL. We ran 1,000 positional bootstraps across the entire 68 Mb region for each trait (see Fig. 5 ).
For fasting glucose, the 1.5 lod-drop CI is only 1.52 Mb (see Table 1 ), and this general region is confirmed in the regionwide bootstrap scan, with Ͼ300 resamples falling within the peak marker interval (see Fig. 5A ) Although some of the resamples fall outside of the 1.52 Mb CI, this occurs at very low frequencies, indicating little support for QTL lying outside this region. The 1.52 Mb region overlaps Gluco56, the QTL we previously identified for Glucose_AUC (64) .
Despite the sharp QTL peak for Insulin_AUC in the regionwide scan, and a 1.5 lod-drop interval of only 0.95 Mb, the topmost peaks from its bootstrap samples are more scattered, with only 132 resamples falling within the peak marker interval (see Fig. 5B ), suggesting that additional loci may exist outside of this QTL. This is not surprising, as the region we are interrogating is complex (see Ref. 64 and references therein) and likely includes additional QTLs that we are currently underpowered to detect (see information content in Fig. 4) . The 1.5 lod-drop for fasting insulin and QUICKI is 7.05 Mb and overlaps the QTL identified for fasting glucose and Insulin_AUC (see Table 1 ). The bootstrap resamples for fast- Fig. 5E ). Although some bootstrap resamples fall outside of this 2.59 Mb region, they occur at low frequency indicating little support for the QTL lying outside of this region.
Heritability of Traits
We estimated the narrow-sense heritability of each trait in the HS based on how much phenotype values clustered by sibship (heritability in parentheses; see METHODS for calculation): Fasting glucose (59.12%), Insulin_AUC (44.31%), fasting insulin (53.88%), QUICKI (56.67%), HOMA (57.93%), IGI (35.55%), body weight (80.04%). Effect sizes for all QTL were ϳ6 -7% and are reported in Table 1 .
Effects of Allele Substitution at Detected QTL
To characterize the way that substitutions of alternative haplotype pairs (i.e., diplotypes) at each QTL could be affecting each phenotype, we estimated the diplotype substitution effect for each of the 36 unique diplotypes based on our rat model. Figure 6 plots these effects for seven QTL detected in five phenotypes. For each QTL, the estimated effects of the 36 possible diplotype substitutions are plotted as a grayscale heat map, with a key on the right-hand side showing the numerical range of the substitution effects, and for comparison the range of the transformed phenotype. These values are estimated with a degree of error (see Fig. 6 legend for standard errors) and subtle contrasts will rarely represent statistically significant differences. As such Fig. 6 provides a less than definite guide to QTL architecture. Nonetheless, we note several features that stand out.
At marker interval D1Rat168-D1Rat70, the diplotype effects plot demonstrates a complex picture in which multiple haplotype combinations lead to either an increase or decrease in fasting glucose levels. The direction of the effect at this marker interval does not tend to match the phenotype seen in the inbred founders with the ACI haplotype leading mainly to decreased fasting glucose and several of the BN diplotypes resulting in increased fasting glucose.
At marker interval D1Rat181-D1Arb24, the WKY/WKY diplotype leads to the greatest increase in Insulin_AUC, QTL, quantitative trait locus; CI, confidence interval; LOD, logarithm of the odds. AUC, area under the curve; QUICKI, quantitative insulin sensitivity check index; LogP, negative logarithm to the base 10 of the P value. whereas ACI/WKY leads to the lowest Insulin_AUC, following phenotypes seen in the founder strains and indicating ACI dominance. Despite the fact the BUF strain has the highest Insulin_AUC, the BUF allele does not appear to be playing a major role at this marker interval. Similar to fasting glucose, diplotype effect plots for fasting insulin and QUICKI are complex. Importantly, effect plots at marker interval D1Mgh10-D1Rat168 differ from those at D1Rat291-D1Rat218, consistent with a scenario in which these marker intervals underlie separate QTL. For example, at D1Mgh10-D1Rat168, the ACI/WKY diplotype results in decreased fasting insulin levels and increased insulin sensitivity, while at D1Rat291-D1Rat218, ACI/WKY results in increased fasting insulin and decreased insulin sensitivity. Contrasting effects between these two marker intervals are also seen for several other haplotype combinations including: ACI/F344, BN/BN, BN/BUF, BN/WKY and M520/WKY.
At marker interval D1Rat302-D1Got225, the ACI/F344 diplotype leads to increased body weight, whereas the ACI/ M520 diplotype results in decreased body weight, similar to increased body weight in the F344 founder strain and decreased body weight in the M520 strain.
DISCUSSION
T2D results from a combination of insulin resistance and decreased secretory capacity of pancreatic beta cells. Although Ͼ40 genes have recently been identified for T2D in human GWAS (38, 62, 78 ), in sum their effects explain only 10% of the genetic variance (78), indicating many genes have not yet been found. We demonstrate here that the HS rat colony harbors allelic variation that affects both insulin resistance and beta cell function. It is of particular interest that three of the HS founder strains (BUF, M520, and WKY) exhibit insulin resistance and one founder strain (ACI) exhibits an insulin secretion defect. We show that both insulin resistance and insulin secretion vary considerably among the founders and among individuals in the HS colony, suggesting that QTL for these traits segregate in the HS. We have fine-mapped both glucose and insulin traits within a region on rat chromosome 1 that has previously been identified for glucose tolerance and other metabolic traits (see Ref. 64 and references therein). Our results support the utility of HS rats for fine-mapping complex traits and suggest that the HS rat colony will be useful for fine-mapping loci genome-wide for both insulin resistance and beta cell function.
We demonstrate that the underlying cause of glucose intolerance in two of the HS founders is different: ACI exhibits an insulin secretion defect, whereas WKY shows decreased insulin sensitivity. In response to a glucose challenge, the ACI strain shows only a slight increase in plasma insulin levels, with a very low IGI, indicating decreased beta cell function. In addition to being glucose intolerant, the ACI is the only strain to exhibit increased fasting glucose levels, a known predictor of T2D (51, 52) . In contrast to the ACI, the WKY strain shows elevated fasting insulin and an increased insulin response to a glucose challenge, as previously demonstrated (35, 63) . We show that the WKY has relatively low QUICKI levels, implying decreased insulin sensitivity, and that their IGI levels are ) and the scale of the effects, such that, e.g., for an otherwise average body weight, diplotype substitutions could push the phenotype anywhere from 296 to 374 g. The transformed value of the phenotypes, as described in METHODS, is used. These estimates act as a rough guide to the relative effects of substitution, with the order of closely ranked contrasts being highly sensitive to sampling error. In particular, the average standard error of estimates reported here was 0.166 (fasting glucose: D1Rat168-D1Rat70), 0.284 (Insulin_AUC: D1Rat181-D1Arb24), 0.0701 (fasting insulin: D1Mgh10-D1Rat168), 0.397 (QUICKI: D1Mgh10-D1Rat168), 0.140 (fasting insulin: D1Rat291-D1Rat218), 0.751 (QUICKI: D1Rat291-D1Rat218), and 27.4 (body weight: D1Rat302-D1Got225).
normal to low, indicating that their beta cell response is insufficient to make up for this. The combination of decreased insulin sensitivity coupled with poor beta cell response to glucose likely explains the glucose intolerance in this strain. In support of the WKY rat as a prediabetic model, previous studies have found that obesity, induced by mutating the leptin receptor, leads to overt diabetes with decreased insulin secretion over time in this strain (27) .
Both the BUF and M520 strains also exhibit hyperinsulinemia. In contrast to the WKY, however, these strains exhibit a high IGI, indicating that the pancreas is responding appropriately to the insulin resistance with increased insulin secretion, thus protecting these strains from developing glucose intolerance. The BUF strain also has the highest body weight, typical of obesity-induced insulin resistance in the human population (33) , whereas the M520 strain has the lowest body weight, representative of insulin resistance in the absence of obesity (46) .
As expected, the variation between the founder strains for insulin resistance (as measured by QUICKI) and beta cell function (as measured by IGI) is recapitulated or exaggerated in the HS colony. Although variation for glucose tolerance in the HS falls between that of the founders, it is striking that insulin levels in response to a glucose challenge are extremely variable, with some values being five times higher than the insulin-resistant BUF. These data are not surprising in light of the fact that glucose homeostasis must be tightly regulated, whereas insulin varies as a means of keeping glucose under control. Our data demonstrate that a large proportion of the HS rats are insulin resistant. Of these insulin-resistant animals, only 25% also exhibit glucose intolerance. This is similar to what is seen in the human population in which not everyone with obesity or insulin resistance goes on to develop T2D (46, 59) . There is also a smaller subset (4%) of HS animals that show decreased beta cell function, similar to the ACI founder strain. The large variation for both QUICKI and IGI suggests that these traits will be amenable to fine-mapping in the HS rat.
To investigate the utility of HS rats for fine-mapping these traits, we focused on a region on rat chromosome 1 that has previously been mapped for glucose tolerance and insulin using multiple F2 intercross and congenic strains (11, 13, 19 -22, 34, 42, 53, 63, 64, 79) . Although IGI did not map to this region, scores for body weight, fasting glucose, fasting insulin, Insulin_AUC, and QUICKI did. The most strongly associated region for the fasting glucose locus is only 1.52 Mb, located from 204.38 -205.9 Mb, and containing 23 genes, none of which stand out as likely candidates. This single region is supported by the bootstrap resamples and falls within the larger QTL identified for fasting insulin and QUICKI. This locus also overlaps Gluco56, the region we previously identified for Glucose_AUC (64) . Diplotype effect plots at this locus suggest that the BN haplotype tends to result in increased fasting glucose, whereas the ACI haplotype results in decreased fasting glucose. Of note, the ACI/WKY diplotype results in decreased fasting glucose at this locus, as well as decreased fasting insulin, decreased insulin sensitivity, and decreased Insulin_AUC at neighboring loci.
In contrast to fasting glucose, the peaks from bootstrap samples for Insulin_AUC, fasting insulin and QUICKI are scattered, with multiple peaks for each trait, consistent with a scenario in which multiple QTL within this region underlie these traits, most of which we are currently underpowered to detect. Despite multiple bootstraps falling outside of the identified QTL for Insulin_AUC, the bootstrap resamples support a single QTL at the peak marker interval. This region is only 0.95 Mb, from 202. 35 38 -204.62 Mb), suggesting these are two separate loci. The diplotype substitution effect plots differ considerably at these two bootstrap peak marker intervals, also consistent with these two loci being independent. As an example, the ACI/WKY diplotype results in decreased fasting insulin and decreased insulin sensitivity at D1Mgh10-D1Rat168, with opposite effects at D1Rat291-D1Rat218.
There are Ͼ200 candidate genes within the 7.05 Mb region for fasting insulin and QUICKI. Although it may be premature at this time to speculate about likely causative genes within this region, Igf2 (insulin-like growth factor 2) and Kcnq1 (potassium voltage-gated channel, KQT-like subfamily, member 1) stand out as interesting potential candidates. Igf2, at 202.9 Mb, lies within the QTL for fasting insulin and QUICKI and is within the 0.95 Mb interval for Insulin_AUC. Igf2 is an imprinted gene involved in development and growth that plays a crucial role in development of the pancreas and beta cell mass (see Ref. 40) . Igf1 has been associated with both fasting insulin and HOMA_IR in human GWAS (15, 26) , and animal studies support a role for Igf2 in regulating beta cell mass and insulin levels at fasting and in response to glucose (8, 14) . Another interesting candidate, Kcnq1, lies just outside the confidence intervals for Insulin_AUC and fasting glucose at 203. 38 -203.80 Mb. In human GWAS this gene has been associated with T2D (70, 81) , fasting glucose (9, 68) , and fasting insulin and HOMA_IR in response to a fast-acting insulin secretagogue (82) . A role for Kcnq1 in both glucose and insulin phenotypes is also supported by a mouse knockout model (4), indicating this gene may be a candidate for regulating not only fasting insulin and QUICKI, but also potentially fasting glucose and Insulin_AUC in the HS rat. Because of the large number of genes and/or lack of clear biological candidates, however, additional strategies will be needed to identify the causative players within the identified QTL. One potential strategy will be to impute nongenotyped markers based on the strain distribution pattern of the founder strains, as previously described (32, 80) . Identification of expression QTLs in this region can also be used to further prioritize candidate genes (i.e., Ref. 1).
To date, few of the genes identified in human GWAS play a role in insulin resistance, whereas many of the genes have been shown to influence insulin secretion (see Refs. 3, 18) . In a review investigating the molecular mechanisms underlying 37 variants associated with T2D, 16 were found to play a role in insulin secretion or beta cell function, while only three were involved in insulin resistance (74) . Heritability of insulin resistance is only slightly lower than for measures of beta cell function, which may suggest that the paucity of genes identified to date for insulin resistance results from beta cell function and insulin resistance having very different genetic architec- tures. For example, insulin resistance may be regulated by a larger number of genes with modest effect, more genes with rare variants, or genes with increased interactions with the environment relative to genes that regulate beta cell function (see Refs. 3, 28) . In addition to differing genetic architectures, the lack of identified insulin-resistant genes may be because early human GWAS excluded obese patients, thus decreasing the likelihood that genes related to insulin resistance as a result of adiposity would be found (3) . In support of this explanation, a recent study uncovered novel genes for insulin resistance by accounting for adiposity levels (43) . Our study indicates that the HS rat colony may be a promising resource in which to identify at least some of these missing insulin-resistance genes, particularly those that act independently of body weight.
In addition to the region that encompasses QTL for fasting glucose, fasting insulin, Insulin_AUC, and QUICKI, we have also identified a separate QTL for body weight. Although the lod-drop confidence interval for this trait is only 1.82 Mb, the bootstrap resamples suggest the more likely region of this QTL is slightly larger, from 230.96 to 233.55 Mb or 2.59 Mb. At this locus, the F344/ACI diplotype leads to increased body weight and the ACI/M520 allele leads to decreased body weight. Within the more conservative 2.59 Mb region there are 32 genes. Jak2 (Janus kinase 2) is a tyrosine kinase that mediates leptin and insulin actions and stands out as a potential candidate gene as overeating and obesity results when the Jak2 pathways do not function properly (see Ref. 48) . Further studies are needed to determine the gene in this region that is playing a causative role.
Mapping QTL in heterogeneous stocks presents both opportunities and challenges for the researcher. Greatly improved mapping resolution, over, say, F2 crosses, is bought at the cost of greater need for care in both the design and analysis of the experiment. These complications include the fact that the number of segregating alleles in a region is often greater than the number of marker alleles, that uneven relationships introduce effects of familial genetics that complicate QTL mapping and, depending on experimental design and subsequent modeling, may lead to more subtle confounding of genetics with environment, and that the comparatively richer genetic variation that helps detect QTL also makes subsequent characterization of their allelic series less clear cut. Although comprehensive methodology for analysis of HS remains a work in progress, we integrate a number of established and new techniques in the current study. Inference of ancestral haplotypes, and their use in linkage disequilibrium mapping, is well established for mapping in many multifounder populations, including HS rats (31, 64) , HS mice (32, 49, 72) , the mouse Collaborative Cross (12) , and HS-like mouse Diversity Outbred (DO) population (67) , as well as other populations including plants (39) . Our modeling of family structure guards against much confounding but is less sophisticated than the fully polygenic models used in, e.g., Ref. 10 , or those that use model selection over the whole genome (e.g., Ref. 71 and references therein). Nonetheless, in attempting to dissect allele effects at multifounder loci that exert dominance effects, we present a small methodological advance that will be immediately applicable to other HS and HS-like populations: a way to obtain stabilized estimates of diplotype effects through a ridge surrogate conditioning of the HAPPY diplotype probability matrix that, in contrast to, say, traditional ridge regression, is easily incorporated into existing regression modeling software.
In summary, we have demonstrated that the HS rat colony is useful for fine-mapping glucose and insulin traits, including a measure for insulin resistance, QUICKI. We have shown that the underlying mechanisms for glucose intolerance differ greatly between two founder strains of the HS rat colony, with the WKY strain exhibiting decreased insulin sensitivity and the ACI strain exhibiting decreased insulin secretion. Two additional founder strains, BUF and M520, were shown to exhibit decreased insulin sensitivity with normal glucose tolerance. Moreover, the HS rat colony itself exhibits great variation for all metabolic traits measured. Finally, we have fine-mapped QTL associated with fasting insulin and QUICKI to 7.05 Mb, and this region encompasses much smaller QTL for fasting glucose and Insulin_AUC. Body weight mapped to a separate region with a CI of Ͻ3 Mb. These studies demonstrate the promise of the HS rat colony as a platform for fine-mapping of genetic loci affecting insulin resistance and insulin secretion, and for providing information about genetic architecture of T2D that will complement that gained from human GWAS.
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